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Abstract

Back Propagation (BP) training algorithm has received intensive research efforts to
exploit its parallelism in order to reduce the training time for complex problems. A
modified version of BP based on matrix-matrix multiplication was proposed for parallel
processing. This paper discusses the implementation of Matrix Back Propagation (MBP)
using scalar, vector, and matrix instruction set architecture (ISA). Besides, it shows that
the performance of the MBP is improved by switching form scalar to vector ISA and
form vector to matrix ISA. On a practical application, speech recognition, the speedup of
training a neural network using unrolling scalar over scalar ISA is 1.83. On eight parallel
lanes, the speedup of using vector, unrolling vector, and matrix ISA are respectively
10.33, 11.88, and 15.36, where the maximum theoretical speedup is 16. Our results show
that the use of matrix ISA gives a performance close to the optimal because of reusing the
loaded data, decreasing the loop overhead, and overlapping the memory operations by
arithmetic operations.

Keywords — neural networks, parallel architecture, vector/matrix processing, parallel
algorithms, back propagation algorithm, reusing data, loop unrolling

1. INTRODUCTION

A major challenge facing computer designers is determining how to improve performance
by executing multiple operations in parallel. These parallel operations can be defined by
programmers, extracted statically by compliers, and/or extracted dynamically by
hardware. If the extracted parallelism depends only on the skills of the programmer,
compiler, or hardware, improving performance requires a professional programmer,
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sophisticated complier, or complex hardware. For example, superscalar architectures [1,
2] dynamically extract parallelism from a single instruction stream to execute multiple
independent scalar instructions in the same clock cycle. Thus, the die area used to actually
execute parallel operations is relatively small with respect to the area needed for
extracting parallel operations. Besides, the hardware complexity grows at least
quadratically with issue width [3]. To treat the problem of increasing the hardware
complexity, a compiler should help hardware for extracting parallelism. VLIW
architectures [4] figure out this problem by packing parallel scalar instructions during the
compilation time into a very long instruction. Very sophisticated compiler techniques are
required to detect and schedule a peak amount of instruction parallelism.

Scalar instruction set architectures (ISAs), which are used in superscalar and VLIW
architectures, require a separate opcode and related operand specifiers for every operation
to be performed. Using scalar ISAs increase the semantic gap between high-level
languages and hardware [S5]. Moreover, the parallelism convoyed by programmers
through high-level statements using high-level languages is lost when a scalar ISA is
used. However, vector architectures [6-13], which have a two-level ISA, provide vector
instructions (1-D scalar operations) to support 1-D data parallelism in addition to scalar
instructions (0-D data parallelism) to support unvectorizable codes. Vector-vector,
vector-scalar, and scalar-scalar instructions are used for coding an application on vector
computers. Nowadays, single chip vector processors, which have a four-way superscalar
core for processing unvectorizable data and parallel execution datapaths (eight parallel
lanes) for processing vector data, are already fabricated [14].

The logical extension of vector processing is matrix processing, where the parallel
execution datapaths can be used not only for processing vector data but also for
processing matrix data. Our proposed Trident processor [15-17], which has a three-level
ISA, provides a scalar core for processing scalar data and a matrix engine for processing
matrix/vector data. The Trident architecture extends the advantages of the vector ISA by
adding a matrix instruction set. The semantic content of the Trident matrix and vector
instructions already includes the notion of parallel operations.

In this paper, the advantages of using high-level ISA (such as matrix and vector
ISAs) over using low-level ISA (such as scalar ISA) are demonstrated. Thus, an
application based on a mixture of scalar, vector, and matrix operations is needed. Error
Back Propagation (BP) training algorithm is a well studied and famous algorithm in the
artificial neural network area. However, the implementation of BP algorithm on a scalar
processor has several drawbacks. The most important one is the training time it takes for
complex problems (networks having lots of neurons and/or for problems having a large
number of training and validation patterns). One obvious solution to alleviate this
problem is to use other efficient training algorithms. For example, Levenberg-Marquardt
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[18] can speedup the training process significantly, however, it has a memory requirement
that reduces its feasibility on complex problems. Another solution for the training time
problem is the use of parallel processing to reduce the training time of BP.

The BP algorithm is based on a mixture of scalar, vector-vector (level-1 BLAS [19]),
and matrix-vector operations (level-2 BLAS [20]). This means that the performance of
the BP algorithm using scalar ISA can be dominated by the amount of memory traffic
rather than by the number of arithmetic operations involved. The ratio of arithmetic
operations to data movements would be improved to further avoid excessive data
movements to and from the main memory because the movement of data can be as costly
as (or even higher than) arithmetic operations on the data. This problem can be reduces by
reusing the loaded data. The modified version of the back propagation algorithm, which is
called matrix back propagation (MBP) is a good choice. MBP is based on a mixture of
scalar, vector-vector (level-1 BLAS), matrix-vector (level-2 BLAS), and matrix-matrix
operations (level-3 BLAS [21-23]). Mainly, it is based on matrix-matrix multiplication,
which is the operation of choice for high performance computing. To show the advantage
of using a higher level ISA, the number of clock cycles needed for the MBP is calculated
in case of using scalar, vector, and matrix ISA. Besides, the speedup of using vector and
matrix ISAs over using scalar ISA on MBP is calculated.

The remainder of this paper is organized as follows. In Section 2, the MBP learning
algorithm is described. It shows the derivation of MBP from the well known BP
algorithm and demonstrates the conversion of the MBP algorithm into matrix form.
Section 3 depicts the architecture of the Trident processor and illustrates the Trident
implementation of the MBP algorithm. Performance evaluation of the MBP algorithm
using scalar, vector, and matrix ISA is demonstrated and discussed in Section 4. Finally,
Section 5 presents our conclusions and future directions of work.

2. MATRIX BACK PROPAGATION ALGORITHM

In this section, an overview of the BP training algorithm is given as it is the basis of the
rest of this paper. In addition, the mathematical formulation of the MBP algorithm is
provided as given in [24, 25].

The objective of BP is to train neural networks having any number of hidden units
arranged in any number of layers. The only restriction is that the connection pattern
between layers must not contain cycles. This kind of networks is called feedforward
networks. The BP algorithm consists of two phases: the forward and backward phases. In
the forward phase, the activations are propagated from the input layer to the output layer
through all the hidden layers, as shown in Figure 1. While in the backward phase, the
error between the observed actual outputs and the desired output values in the output and
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Figure 1: The block diagram of the MBP training algorithm

bias values to reduce the error. To train a multi-layer feedforward network, the gradient
descent algorithm is used to approximate an unknown function, based on some training
data, S(0), and the corresponding target (desired output), T. The overall gradient with
respect to the entire training set is the sum of the gradients for each pattern.

As depicted in Figure 1, the input of the network is indicated as layer 0; it contains
no real neurons because its purpose is to spread the input to the neurons of the first
hidden layer. The hidden layers are numbered from 1 to L-1. The output layer is L. In
general, the m layer contains N; neurons. Thus, the input layer has Ny elements and the
output layer has N, neurons. A neuron # in layer [ is connected to all the neurons in layer
I-1 through N,; connections; each one is associated to a weight. These weights is
organized in a vector w®™(D). Besides, the corresponding bias will be b,(J).

Assuming that the training data consists of Np patterns {s‘”’ | p=1..N}, applying a

pattern s® to the input layer, it propagates from input to output through every hidden
layer. Each layer responds with a precise pattern that is called the status of that layer. In
general, the i layer will be in status s(")(l) and the output of the network will be s(”)(L).
The status of the " neuron of the i® layer is computed with the feed-forward rule:

5P = FlsPU-DT W) +b, )= f[Nz sPU=1)*w® 1) +b, (z))
i=1

where f is the activation function of the neuron. Hyperbolic tangent (tanh) is used as an
activation function in this paper. The total error E is defined as the normalized squared
difference between the output vector of the network when the pattern vector s(0)® is
applied and the corresponding desired output vector 1P, wherep e {1,2, ..., Np}.

1

N 2 1 N, N
E= NN, pz;“t(p) - s(p)(L)u = NN, ’gl'él(tﬁp) _Sf;p) (L))Z
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A simple method to minimize E with respect to the weights is to start from a random
point in the weight space and then descend step-by-step towards a minimum of E. If the
minimum is satisfactory the algorithm stops, otherwise another random point is chosen
and the descent is repeated. In order to choose the right direction, at each step the gradient
of E (VE) is computed. The gradient finds the direction of maximum growth of E,
because of that the right direction is -VE. The gradient descent algorithm is summarized
in the following steps:

1) Start with random weights w™(I); weights of neuron » in layer /.

2) Compute VE = ﬁE— for each weight.

&0

oE

3) Compute the step in the opposite direction (Aw™ (I)=—
p P n awi(") 0

), where 77 is

the learning constant.
4) Update the weights (w(™ () =w{™ () + Aw{™ (I)).
5) Calculate E
If E satisfies the predefined error constraint then stop
Else if E does not satisfy the predefined error constraint and the algorithm is
stuck in a local minimum then go to step 1
Else go to step 2.

To compute the gradient (one of the most expensive steps in the BP algorithm), the
derivatives in the output layer is computed as follows:

1 Ny N,
 aiiirorer

NpNy pm1j=1 -2 Ne » » as(P) (L)
= - ) o\ L '___"
ow, ™ (L) ow™ (L) NpN, El[(t’ 5@ ow™ (L)

It is known that %tanh(x) =1-tanh®(x).

_2 N,
8w(a'f(L) N 1%/ Zl[(t'('p) - (1 -l (L)]Z) * 5P (L~ l)}
i PYL p=

Thus, the above equation can be written in a more compact form as follows:

_OE =_1§5(F’)(L)*s.(”)(L—1) where
ML) pet ’ ' ’
SP (D)= 2 [ _ @ *( _[s¢» )
W= (@ - s @m)(1-[sP @

The update rule for the weights in the output layer is the famous delta-rule:

Ny
AW (L= 38P(L)*sP(L-1)
p=l
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For the weights in the remaining layers, the procedure is the same as layer L-1 as bellow:
oF 9 [ 1 %%ip_» }
= tP — s (L)
WM (@L-1) ow(L-1)| NpN, pz=1 f:‘l( o )2
To get rid of the deep embedding of the weights in layer L-1 the chain rule is used for the

derivative (indicating with E® the partial error due to pattern p):

E 1 NP[ IEP *as,(,”)(L—l)}
w(L-1) Nppo| dP(@L-1) w™(L-1)
1 N aE(p)

N_pp=l{as£”><L—1)

NP
* (1 - [sf,P)(L— 1)]2) * 5P (L~ 2)} ==Y 5P (L-1)*sP(L~2)
p=1

NL .
where, 8P (L-1)= (1 - [s,(,l’) (L- 1)]2) *y [5}1’) Ly*wl (L)]
j=1

The back-propagation algorithm can be summarized in the following steps.

1) Feed-forward
foreachlayer/:=1toL
for each neuronn :=1to N;
for each pattern p := 1 to Np
sP ()= f(s(”) A-D" WM +b, (1))
2) Error computation and error back-propagation
for each neuron in the output layer n := 1 to N,
for each pattern p := 1 to Np

P (ry=_ 2 [ _ _l«»
8,7 (L) NN, (tn Sp (L)Il [s,, (L)]z]

foreach layer /:=L-1to 1
for each neuronn:=1to N;

for each pattern p := 1 to Np
NL

O (1 - [sf,P) (1)]2) *y [5}1’) A+D*w I+ 1)]
j=1

3) Step computation
foreachlayer/:=1to L
for each neuronn :=1to N,

NP
Ab,()=n Y. 8P (1)
p=1
for each weight i := 1 to Ny,

aw(h)=n %5,51” O*sP -1
p=1
4) Weight updating
for each layer/:=1to L
for each neuron n:=1to N,

B @) =7 () + Ab, ()

for each weight i := 1 to Ny,
w1y = w4 1y 4 AW™ (1)
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The above described BP training algorithm can be converted into matrix form, which
is called Matrix Back Propagation (MBP) training algorithm (see [24, 25] for more details
and see Figure 1 for an illustrative block diagram). The status of neurons in layer / can be
easily organized in matrices S() of size NpxN;, where Np is the number of input patterns
and N, is the number of neurons in layer /:

sOT () P P QO

S(l)_[s B s () - s (l)]— 0 P PO sPO
=5 2 N = : = E : :

ST | [sM@ s - sSSP

The row p of this matrix contains the status of all the neurons in layer / when a pattern p
is applied to the network. As a special case, the input patterns are organized in the same
way in matrix S(0).

Similarly, the weights can be arranged in matrices W(J) of size N;.;xN:

Wy ] [wPo wPm - w™

T (D o) : (V)
wo=poo woo el O |- O OO

W}T\;,_l (l) "VI(\},)_l (l) WI(Vz,)_l (l) WI(VI:,_II)(I)

The column »n of matrix W(J) contains the weights of neuron » of layer . The propagated
errors also can be arranged in matrices A(J) of size NpxN:

59T (1 RO O N S ()
A(l)=[‘(51(l) 6, (1) -+ Iy (l)]: 0] - 51(2')(1) 52(2.)(1) .E 51(\5.)(1)

5(NP)T(l) al(Ny)(l) 52(NP)(1) 51(\II,VP)(I)

The row p of matrix A(J) contains the error propagated to layer ! when pattern p is
applied. In addition, a matrix T of size NpxN;, with the same structure of S(L) is needed to
store the target patterns. The variation of weights and biases computed at each step are
stored respectively in matrices AW(J) of size N, ;xN, and vectors Ab(J) of length N,.

Now the BP algorithm can be rewritten in matrix form as shown in Table 1. The
steps (1a), (2¢), and (3a) are marked to emphasize that the computational load belongs to
them is O(n°) complexity, where n is the size of the problem.
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Table 1: The MBP algorithm

Step Description FLOPs | Operation High Level Operation

Feed-
forward
(la) S(D) = S(-1) x W()) 2NpNiN.1 * + Matrix-matrix multiplication
(1b) SH=SOH+b)-1' NpN, + Matrix-vector addition
(1¢) S =f{S(H} k\NpN, e’ e, +, -,/ | Element-wise matrix operation
Error
back-prop
(2a) ALy=T-S(L) NpN, - Matrix-matrix subtraction
(2b) AL) = AL) * g {S()} (kpg+1)NpNy, | *, %, - Element-wise matrix operation
(2¢) A(D = A(I+1) x W(l+1) 2NpN\N.y * 4+ Matrix-matrix multiplication
(2d) AD = A() * g {S(D} (ky+1)NpN; | %, %, - Element-wise matrix operation
Weight
variation
(3a) AW(D™™ = SY(I-1) x A(D 2NpN\N,.y * + Matrix-matrix multiplication
(3b) Ab(D™ = AY(D) - 1 NpN, + Vector accumulation
(3c) AW =AW " +aAW()™ | 3NN * Ok 4 Element-wise matrix operation
(3d) Ab(D)""= 17Ab(l)"‘w+aAb(l)""' 3N, * K 4 Element-wise vector operation
Weigh
update
(4a) W = W) + AW(D™ NN, + Element-wise matrix addition
(4b) b(}) = b)) + Ab()™™ N, + Element-wise vector addition
FLOPs: floating-point operations o the influence of the previous steps on the current one
Sx): tanh(x) k;: the number of operations needed to compute f{)

3. TRIDENT IMPLEMENTATION OF MBP

3.1 Trident Microarchitecture

Figure 2 shows an overall block diagram of the Trident processor [15, 17]. Scalar, vector,
and matrix instructions of an application are fetched from the instruction cache and stored
in the fetch buffer awaiting sending to the proper unit. The dispatch unit splits the
incoming instruction stream into scalar instructions and high-level (vector/matrix)
instructions. Scalar instructions are executed on the scalar core, which includes traditional
scalar functional units and a scalar register file.

The scalar core in the Trident processor can be in-order/out-of-order, single/multiple-
issue. Practically, the vector processor developed for NEC SX-6 supercomputers
integrates a four-way out-of-order superscalar processor with eight vector lanes on a
single chip (60 million transistors) [14]. The Trident scalar unit is responsible for
executing scalar (unparallel) code and for supporting high-level vector/matrix
instructions. In other words, the primary job of the scalar core is to serve the matrix unit
to do bookkeeping computation and to do any code that cannot be done effectively using
high-level vector/matrix instructions. Again, the scalar core is not responsible for
achieving high performance.

Our proposed extended unit (matrix unit) for processing vector/matrix data is based
on the decoupled technique [26]. A decoupled processor has two independent units, the
address unit and the computation unit. The address unit performs all address
computations and loads/stores data from/to main memory to/from register files. The
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Figure 2: Trident processor block diagram

computation unit executes all arithmetic instructions on data loaded into registers. These
units are communicated through architectural queues which are used to temporary keep
the loaded/stored data from/to the main memory to/from the register file.

The Trident matrix unit has two types of register file based on shift registers needed
for vector/matrix processing. A ring register file had been proposed for storing and
cyclically shifting 1-D data within a lane. A communication register file had been
proposed for storing and cyclically shifting 1-D data across parallel lanes. By using ring
and communication register files, data stored in parallel lanes can be cyclically shifted in
2-D space (horizontally and vertically), which is needed for vector/matrix processing.

As shown in Figure 2, Trident microarchitecture is based on local communications
because it is known that processors are rapidly becoming bound by wire delay [27-29].
Besides, the organization of the Trident processor is based on parallel lanes, which
reduces the design and verification complicity. Each lane contains a set of ring registers
and functional units. P ring register (one ring per lane) represents a matrix register, which
can store as well as cyclically shift (within lanes) vector/matrix data.

3.2 Trident Implementation of Matrix-matrix Multiplication

It is clear from Table 1 that the computational load belongs to steps (1a), (2¢), and (3a)
that show O(n®) complexity, where n is the size of the problem. To compute these steps,
three matrix-matrix multiplications must be performed: step (1a) is a conventional matrix
product (C = AxB), step (2c) is a matrix product with the second matrix transposed (C =
AxB"), and step (3a) is a matrix product with the first matrix transposed (C = A"xB). Most
of the remaining steps if Table 1 are based on element-wise matrix operations (steps (1c),
(2a), (2b), (2d), (3c), and (4a) that show O(n®) complexity) and element-wise vector
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Lanel , Lane2
M1

Figure 3: Trident Impler::nentationM:)f the cox:lwa'entional matrix product (C = AxB)
operations (steps (3d) and (4b) that show O(n) complexity). Step (1b) can be considered
as a rank-one update operation (the second vector is constant) or matrix-vector addition.
Finally, step (3b) is based on accumulating vectors to scalar values.

Figure 3 shows the implementation of the conventional matrix-matrix multiplication
(C = AxB) on four Trident lanes. A block (4x4 elements) of matrix A is loaded into a
matrix register (see the content of the M1 matrix register, which has four rings; each has
four elements). Only four memory addresses are needed for loading this block since A is
an aligned matrix. By the same way, a block of matrix B is loaded into a matrix register
(see the content of the M2 matrix register in Figure 3). After loading M2, skewing
operation should be done to adjust the elements of B for parallel processing, as shown in
Figure 4. It is easy to show that skewing a block of a PxP block requires P/2 clock cycles,
since the ring registers can be cyclically shifted in both directions.

The processing time for multiplying two PxP blocks of matrices on P Trident lanes
is P* clock cycles. However, the loading time is 2P clock cycles, assuming P elements
can be loaded per clock cycle. For P 2 4, the loading and skewing times (2P + P/2 clock
cycles) can be overlapped by the processing time (P? clock cycles). Table Al in the
appendix illustrates in detail the execution of the conventional matrix-matrix
multiplication on four (P = 4) Trident lanes. It shows the input of each lane every clock

aoo Qo1 Qo2 Qo3 Qo ay an asz

ap aipy an ap ap Qs az aps

az ar az a axy as, aQp2 as

asp asy as asz asp ap1 ap ars
(a) Before skewing (b) After skewing

Figure 4: Skewing the input matrix for matrix-matrix multiplication



Back Propagation Algorithm 11

» Lane0 + Lanel : Lane2 : Lane 3

M1 M2 L ML M2 ., ML M2 , ML M2

Figure 5: Trident Implementation of a Figure 6: Trident Implementation of a
matrix product C = AxB* matrix product C = A'xB

cycle and the results after P clock cycles.

Figure 5 shows the Trident Implementation of a matrix product with the second
matrix transposed. It is based on vector-matrix multiplication as a middle loop and dot-
product as an inner loop. Like conventional matrix product, a block (4x4 elements) of
matrix A is loaded into a matrix register (M1) and a block of matrix B is loaded and
skewed into a matrix register (M2). After P? (=16) clock cycles the results of matrix-
matrix multiplication will be available in the matrix register M3 (see Table A2 for more
detail). Similarly, Figure 6 shows the Trident Implementation of a matrix product with the
first matrix transposed. In this case, the middle loop is based on outer-product and the
inner loop is based on SAXPY (a scalar times vector X plus vector Y).

The key advantage of the Trident implementation of C = AxB, C = AxB', and C =
A'%B is the use of unit stride (contiguous accessing) for loading/storing matrices. The
input matrices will be loaded into matrix registers row by row and the output results will
be stored also row by row (assuming the matrices are stored in the memory row major).
Other key advantages of the Trident implementation of matrix products are reusing the
loaded data and overlapping both the loading/storing times and loop overheads by
computation time.
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Figure 7: Trident Implementation of the element-wise matrix addition (C=A+B)

3.3 Trident Implementation of Element-wise Matrix/Vector Operations
Element-wise matrix-matrix instructions (C=Aop B), such as matrix addition,
subtraction, multiplication, division, etc., are executed on the Trident processor without
cross-lane communications. Figure 7 shows the implementation of element-wise matrix-
matrix addition on a four-lane Trident processor. A 4x4 block of each of the input
matrices A and B are loaded into M1 and M2 matrix registers. An execution datapath
within a lane can process data stored in ring registers at the rate of one element per clock
cycle, as shown in Table A4. Each datapath receives identical control but different input
elements in each clock cycle by cyclically shifting the ring registers in parallel.

Element-wise vector instructions (z = x op y), such as vector addition, subtraction,
multiplication, division, etc., can be processed on multiple execution datapaths similar to
element-wise matrix-matrix instructions. Figure 8 shows the implementation of vector
addition on a four-lane Trident processor. The input x and y vectors are distributed across
a set of ring registers in a round-robin fashion (see the content of M1 and M2 matrix
registers in Figure 8). An execution datapath (vector pipeline) within a lane can process
vector data stored in ring registers at the rate of one element per clock cycle..

XtY,

Figure 8: Trident Implementation of the element-wise vector addition (z =x+y)
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4. PERFORMANCE EVALUATION OF MBP

In this section, the performance of the MBP algorithm is evaluated when scalar, vector,
and matrix ISA are used. Firstly, the performance of MBP is evaluated on a hypothetic
neural network with the following parameters. The number of layers is four (L = 4). Three
sizes of the training set (Np) are selected: 100, 1000, and 10,000. The number of neurons
in a layer [ (N)) is assumed to be equal to that in layer I-1 (No = Ny = N2 = N3 = Ny). Then,
the performance of the MBP is evaluated on a practical problem, speech recognition, with
two layers (Ny = 234, N; = 1000, and N, = 69).

4.1 Metric

Time is the measure of computer performance; obviously, the computer that performs the
same amount of work in the least time is the fastest. The execution time of a computer
program can be expressed roughly as the product of three terms: the number of
instructions required, the average number of clock cycles per instruction, and the time per
clock cycle [30]. Since the goal is to maximize performance (minimize the execution
time), a computer designer wants to decrease each of these terms. Unfortunately, these
factors are interrelated, where the number of instructions executed in a program depends
on the instruction set architecture (scalar, vector, and matrix ISA), and the other two
factors depend on the architecture organization and the choice of implementation
technology, as well as the ISA [31].

The use of high-level ISA, such as matrix ISA, reduces the number of instructions
needed for coding a program. Besides, the clock cycle time can be drastically reduced on
the Trident processor because of using local interconnections within and between parallel
lanes. The remaining factor, the average number of clock cycles per instruction, decreases
on the Trident because of reducing the overhead due to looping.

4.1 Performance Evaluation of the MBP using scalar ISA
The number of clock cycles needed for MBP using scalar ISA can be expressed as:
L L L L
# Cycles = 6NP ZNINI—I —2NPN1N0 +(6+k1 +k2)NP ZNI +6ZNINI—I +NPNL +6ZNI
1=1 1=1 1=1 1=1
The multiply-accumulate operation is assumed to be performed in a single clock cycle.
Figure 9 shows the calculation of the number of clock cycles in more details. Moreover,
the number of floating-point operations (FLOPs) in the MBP algorithm (see Table 1) can
be calculated as follows.

L L L L
#FLOPS = 6NPZNINI—1 —ZNPNINO +(3+k1 +k2)NPZNl +4ZNINI—1 +NPNL +4ZN,
1=1 I=1 I=1 1=1
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6Np (NoNy + NIN, + NoN3 + N3Ny) - 2NN, + Steps (1a), (2¢), (3a)

8Np(Ny + N+ N3+ Ng) + Steps (1b), (1c), (3b)

4ANpN, + Steps (2a), (2b)

3Np (N] + Ny + N3) + Steps (2d)

4(NoN, + N\N; + NoN;3 + N3Ny + Steps (3c), (4a)

4(N;+ N+ N3 + Ny) + Steps (3d), (4b)

(N1 + N+ N3+ Ny + Storing b(1), b(2), b(3), b(4)

(N1 +Na+ N3+ Ny + Storing Ab(1), Ab(2), Ab(3), Ab(4)
Np(Ni+ N+ N3+ Ny + Storing S(1), S(2), S(3), S4)
Np(N1+ N>+ N3 + Ny + Storing A(1), A(2), A(3), A(4)
(NogN1 + N\N; + NaoN; + NaNg) + Storing W(1), W(2), W(3), W(4)
(NoN1 + NiN; + MoN; + N3Ny) Storing AW(1), AW(2), AW(3), AW4)

Figure 9: Number of clock cycles for MBP (L = 4) using scalar ISA

Thus, the number of clock cycles per FLOP (CPF) using scalar ISA is approximately one
even though the multiply-accumulate operation is assumed to be performed in one clock
cycle. In few words, O(n’) clock cycles are needed to perform O(n*) FLOPs on MBP
algorithm using scalar ISA, where Np=N; =N =n.

On the other hand, the number of memory operations (load/store) using scalar ISA is
O(n®). This means that the performance of the MBP algorithm using scalar ISA can be
dominated by the amount of memory traffic rather than by the number of floating-point
operations involved. The ratio of FLOPs to data movements would be improved to further
avoid excessive data movements to and from the main memory because the movement of
data can be as costly as (or even higher than) arithmetic operations on the data. To
address this problem, the data would be loaded into registers or first level cache once and
used many times to improve CPF.

In the above analysis, an important factor has not been considered, which is the
overhead due to looping (or loop overhead). The number of ALU operations (updating the
indices, comparing and branching back to the beginning) needed for looping is
approximately as follows.

L
# Operations for loop overhead =~ 6N, Y N;N,_; —2NpN;N, +O(N?)
I=1

Implementing MBP by scalar ISA requires one extra ALU operation per FLOP, which is
an unacceptable overhead. This means, the looping represents a source of overhead that
should be decreased to improve the performance of an application.

To decrease the effect of loop overhead as well as to improve percentage of reusing
the loaded data, loop unrolling technique [32] is used. The increase of the unrolling depth
decreases the number of iterations per loop and shifts the balance of the loop from
memory-bound to CPU-bound. Therefore, extra cycles are available for the memory port
to load/store the operands while the processor is computing the arithmetic operations. In
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other words, the loading/storing time can be overlapped by the execution of arithmetic

operations. However, increasing the unrolling depth results in increasing the code size,

which needs a larger instruction cache to reduce the cache miss rate.

Table 2 shows the scalar loop unrolling needed for matrix products in MBP

algorithm (steps (1a), (2¢), (3a) in Table 1, which represent the computational load in the

algorithm). It is know that the unrolling depth is limited by the number of registers

available for storing intermediate results. Assuming that n scalar registers are available

for storing the intermediate scalar results, the parameters U and V can be easily calculated
from 2U + 1 =n and V? + 2V =n, respectively (see Table 2). For n =32, the depth of loop

unrolling U and V are respectively 15 and 4.

The number of clock cycles needed for MBP when using the scalar loop unrolling

technique is:
1 1

L L
(3+—+—+L2)N1,,ZN,N,_1 —(1+l)N,,N1N0 +(6+k +ky))Np 2 N, +6
U v 1= \4 1=1

14

=1

L
S>N/N,_ +NpN; +6

[

The speedup due to using scalar unrolling over scalar code is shown in Figure 10, where the
maximum speedup is approximately 6/(3 + 1/U + 1/V + 1/V*).Incase of U=15and V=4,
the maximum speedup is approximately 1.78. To show another advantage of the use of loop

unrolling, the overhead due to looping should be considered.

L
# Operations for loop overhead = 2(—(1]— + V—22)N P N,N_ - —2—2— NpN,Ny+O(N?)
= 1%

Thus, the effect of loop overhead is decreased roughly by a factor equals to the depth of

loop unrolling.

Table 2: Scalar loop unrolling of the matrix products in MBP

SO =S x WD

A = A(+1) x W '(+1)

AW(Q) =S'-1) x A ()

for j=0 to N;-1 step U
fori=0to Np-1
fork=0to N;;-1

I, gl
Si =Sk T Wi

! N
Si it =S8 T Wi

! -l
Si jrU-1T = Sig T Wr jrU-1

forj=0to N;-1stepV
fori=0to Np-1
fork=0to Ny, ;-1stepV
5l = aif ol

) _ sl+l I+l
0 it =01k * Wik

! _ s+l % 4,04
0; i+ =0 gy * Wik

1 P TSy
O mt=0;% *Wik

i iy

ﬁ.l e .+=ﬁ!ﬂ.. .+wl.+1., PEPE

fori=0to N,;-1step V

forj=0to N;-1step V
fork=0to Np-1

AW},,’"’ = si?il * 5/5.1‘

! _ d-lg sl
Aw; = Si; * 6y i

I _ -l sl
AW, oy =Sk * O e

! _ o sl
AWy j+=5pim ¥ O

Awl e kst
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Figure 10: Speedup of scalar unrolling over scalar code (NP is the number of input patterns)

4.2 Performance Evaluation of the MBP using Vector ISA
The performance of the MBP can be further improved by using vector ISA. On P vector
lanes, P parallel operations can be performed per clock cycle, which accelerate the
execution of vector operations. Table 3 shows the vector pseudo code needed for the
computational expensive parts in the MBP algorithm (steps (1a), (2c), (3a) in Table 1).
The number of clock cycles using vector ISA is:

(%"'%)NPIZ:NINI—I ~ 2N,,11;/1N0 . (6+k11D+k2)
where P is the number of parallel lanes and VL is the maximum length of a vector
register. Figure 11 shows detailed calculation of the number of clock cycles needed each

NpN,

L L L
NpX N +PNp ¥ N, +£ZN1N1-1 +
I=1 1=2 P1=1

step in MBP when vector ISA is used on P parallel lanes. The speedup of using vector
ISA over scalar ISA is shown in Figure 12, where the number of parailel lanes equals four
and the optimal speedup is eight. There is another factor of speedup was not considered in
Figure 11: reducing the loop overhead.

L
# Operations for loop overhead = %/Lf—z NN, —%N 2NNy +O(N?)
i=1

Thus the loop overhead is reduced by a factor equals to the vector length, which
represents a key advantage of using vector processing over scalar processing.

To further improve the performance of MBP using vector ISA, the unrolling
technique can be considered (see Table 4). The number of clock cycles can be expressed
as follows.

Table 3: Vector pseudo code for the computational expensive parts in the MBP algorithm

6£‘,N
+.—
Pia

SO =S0-1) xwQ)

A(D) = A(+1) x W'd+1)

AWD =S'I-DHxA D)

for j=0to N;-1 step VL
fori=0to Np-1
for k=0to vaI -1

! _ Ayl
Si VL1t = Sik T Wi jjavi-1

fori=0to Np-1
forj=0to N;-1
for k=0to N;-1 step VL

[, _ sl %o b+l
0 i+ =0 kv * W) kavia

forj=0to N;-1 step VL
fori=0to NI-I -1
for k=0 to Np-1

I _ -l sl
AW it =Si; S, JAHVLAL
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—+——+——)Np > N,N;_; —(—+ YNpN,N,
v Y2 UVL) Pz.lltl 7ty NNl

# Cycles =
+ 6+k +ky)

L L L L
NpXN;+PNp 3 N, +£ZN1N1—1 + Ny +£ZN1
=1 =2 Pi5 P Pio

Not only the number of clock cycles is further decreased using unrolling technique but
oop overhead also is decreased.

. 2 1 L 2 5
# Operat for loop overhead = 2Np(——+——)>. N,N,_| ————NpN Ny + O(N
perations for loop over P(UVL V2VL)1§ N = NeNiNo N9
The speedup of using both vector ISA and loop unrolling technique is greater than

1sing vector ISA only as shown in Figure 13. The maximum speedup is approximately
3.7, which represents 84% of the optimal speedup.
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2(1/P + 1/VL)Np (NyN1 + N1N; + NoN3 + N3Ny + Steps (1a), (3a)

2Np/P (NN, + NoN5 + N3Ny) + PNp (N, + N3 + N4) + Steps (2C)

8NP (N + Ny + N3+ Ns) + Steps (1b), (1c), (3b)

4ANpNJ/P + Steps (2a), (2b)

3Np/P(N1+ Ny + N3) + Steps (2d)

4(NoN1 + NiN; + NoN3 + NsNy) + Steps (3¢), (4a)

4/P(N;+ No+ N3 + Ny) + Steps (3d), (4b)

1/P(N, + N, + N3+ Ny) + Storing b(1), b(2), b(3), b(4)

1/P (N1 + N, + N3 + Ny) + Storing Ab(1), Ab(2), Ab(3), Ab(4)
Np/P (N1 + Ny + N3 + Ny) + Storing S(1), S(2), S(3), S(4)
Np/P(N,+ N, + N3+ Ny + Storing A(1), A(2), A(3), A(4)

1/P (NoN1 + N1N; + NoN3 + NaNg) + Storing W(1), W(2), W(3), W(4)
1/P (NoN| + N1N; + NoN; + N3N,) Storing AW(1), AW(2), AW(3), AW(4)

Figure 11: Number of clock cycles for MBP (L = 4) using vector ISA
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Figure 12: Speedup of vector over scalar code (NP is the number of input patterns)
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Table 4: Vector loop unrolling of the matrix products in MBP
SO =8-1) x W) A = A(l+1) x W '(I+1) AWQD =S'U-D x A D)
forj=0to N;-1 step VL fori=0to Np-1 Step V for j=0to N;-1 step VL
fori=0to Np-1step U forj=0to N;-1Step V fori=0toN,,-1step U
fork=0to N.;-1 fork= OtoN,,,, lstep VL for k=0to Np-1
= 11 4
sf,j:j+VL—1+= Sf,kl *W:c,j:j-WL—l 5 it= Sk bk +VL-1 Wj VLA Aw] Vi1t = Sk *8 VL1
5:+1, jjve-1t= Sf:ll,k * Wllt, VL ;i ,+1+ 5 fekAVI-1 *w) ,+1 kkVL-1 AW.'+1, jivt= Skm ak, J VLA
2 ! _ A /
5;{+u-1, jvL-1t = Sz!+lll—1,k * wllt, VL1 5:"+v—1, javat= ‘sil:&-l,ktwL—l * wj‘:lV—l,k;HVL—l AWt vt = Sk * O pjsvia

—NP=100 —NP=100 ——NP=10000

100 200 300 400 500 600 700 800 900 1000
Matrix Size

Figure 13: Speedup of vector and loop unrolling over scalar code (NP is the number of input patterns)

4.3 Performance Evaluation of the MBP using Matrix ISA

The logical next step is the use of matrix ISA to improve the performance of MBP. The
block mining technique (see Table 5) is used to divide the input matrices into block
instead of using the strip mining technique in vector processing. The processing of blocks
by matrix ISA deceases the total number of clock cycles because of the highly reusing the
loaded data [33]. Besides, the overhead due to looping can be neglected compared to the
corresponding values of using vector and scalar ISAs.

NpNN
£ 0+(6+k1+k2)NPZN1+ ZN1N11+NPNL+ N,
P P =1 P P

L
# Cycles =%2N,N,_1 -
=1

# Operations for loop overhead = ZN,N,_ :3 NpN,\Ny +O(N?)

The speedup of using matrix ISA over scalar ISA is very close to the optimal value,
as shown in Figure 14. The optimal value of the speedup is eight since the number of
parallel lanes is four and two operation can be chained in a lane. The main reason for
good performance of MBP algorithm using matrix ISA is overlapping the loading/storing
time by the computation time.
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Table 5: Pseudo matrix instructions for the matrix products in MBP
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S =S(-1) x W)

A = A(+1) x W'i+1)

AWD =S'-DxA D

fori=0to Np-1step P
for j=0to N,-1step P
fork=0to Ny;-1step P

fori=0to Np-1step P
for j=0to N;-1 step P
for k=0to Ny, -1 step P

for i=0to Np-1 step P
for j=0to N;-1 step P
fork=0to N.;-1step P

4 _ 1 = i —
Siiap-1,jjrp-1t = Siiapot jijspat = AWiiipoy jijep1t =

-1 ! 141 s b4 -1 w5l
Sii+ Pt kik+P-1" WhekaP-1, i j+ P 5i:i+P-1.k:k+P-l Wi j+P-1,kck+P-1 Skk+P-1ii+P-1 5k;k+r-1,j:j+P—1

== NP=100 === NP=1000 —— NP=1000

100 200 300 400 500 600 700 800 900 1000
Matrix Slze

Figure 14: Speedup of using matrix ISA over scalar ISA (NP is the number of input patterns)

4.4 Practical Problem: Speech Recognition

In this subsection, the performance of the MBP algorithm for training a neural network on
speech recognition (a real problem) is shown using scalar, vector, and matrix ISA. This
speech recognition neural network has only one hidden layer. The input layer has 234
neurons (Np = 234). The hidden layer has 1000 neurons (N, = 1000), and the output layer
has 69 neurons (N, = 69). The number of input patterns for training the neural network
(Np) varies from 0 to 10000

The maximum speedup due to scalar loop unrolling is 1.83 (see Figure 15a).
Moreover, on four parallel lanes, the maximum speedup of using vector and matrix ISA
are 5.7 and 7.77, respectively, as shown in Figures 15b and 15d. These speedup represent
71% and 97% of the optimal value, which is eight. The performance of using vector ISA
can be improved from 71% to 87% of the optimal value by using the loop unrolling
technique, as shown in Figure 15c.

On eight parallel lanes, the maximum speedup of using vector, unrolling vector, and
matrix ISA are 10.33, 11.88, and 15.36, respectively, as shown in Figures 15e, 15f, and
15g. To show the advantage of using matrix ISA over vector ISA, the speedup of using
vector ISA represents 65% of the optimal value on eight lanes, however, the speedup of
using matrix ISA represents 96% of the optimal value. This analysis shows the scalability
of using matrix ISA
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5. CONCLUSIONS AND FUTURE WORK

In this paper, we presented a highly efficient implementation of the Matrix Back
Propagation (MBP) training algorithm for neural networks to solve complex problems
requiring too much training time. Our implementation of MBP is based on the use of
matrix ISA on a recently proposed matrix processor named Trident processor. Therefore,
we briefly presented the architecture of this processor and its features. All the elementary
matrix operations required for executing MBP and the number of clock cycles required
are shown. We then evaluated the performance of the MBP algorithm when scalar,
vector, and matrix ISA are used on a hypothetic neural network and on a practical
problem (speech recognition). Our obtained results showed that unlike scalar and vector
ISAs even by using loop unrolling, the speedup of the matrix ISA (on the Trident
processor) can be very close to the optimal value. This is because of three reasons. First,
the processing of blocks by matrix ISA deceases the total number of clock cycles due to
the high reusing of the loaded data. Second, the overhead due to looping can be neglected
compared to the corresponding values of using vector and scalar ISAs. Finally, the
loading/storing time is overlapped by the computation time.

There are several possible future directions based on this work. By following the
same approach shown in this paper, other practical problems can be evaluated and
implemented on the Trident processor. Examples of these problems are parallel
implementation of the LM algorithm, all-pair shortest path, and sales man problem.
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Appendix
Table Al: Trident execution of the conventional matrix product
(C =AxB)
Input MACO MAC1 MAC2 MAC3

Clock Cycle 0 ag, boo ag), by agp, by )

Clock Cycle 1 ag), bo ag, by agy, by ago. bgy

Clock Cycle2 | ap, by ag, by ax, by g1, by

Clock Cycle 3 ag3, bgo an, bOl 21788 b12 an, b23

Results Co = Gu*bootap™bio | c1 = Ao*butie*by | Cr = an*butan*byn | cos = ap*bru+ap*bn
+ag*byyrany*by +agy*bay+ag*by +ag*bprag*by | +a0*biatag*hy; |

Clock Cycle 4 a0, by ay, by a, by ays, by

Clock Cycle 5 ay, by ap, by a3, by a0, by

Clock Cycle 6 ap, by ags, by a0 by ay, by

Clock Cycle 7 ay3, b30 a0, bL ay1, b12 ap, b23

Results cio = a*botan*byp | cu = ay*hita*hy | cp = ap*butantby | oz = a*bu+an*bn
+au*bm+al3*bm 'Hllg*b31+am*bm +am*boz+au*b12 +(111*b13+a12*b23_

Clock Cycle 8 ay, b a1, by ay, by az, by

Clock Cycle 9 a5, byg a3, by a3, by a0, by

Clock Cycle 10 ar, bz() ars, b31 amem (2388 b13

Clock Cycle 11| a3, by az, by a1, by a by

Results G = Gy*botan*bip | 1 = Gu*butan*hy | ¢ = ap*butarn*by | ¢ = an*bu+an*by
tap*bortapthy | +agMytaxthy +ay*boytay*by +ig *bystay*hy |

Clock Cycle 12 asg, bm iy, bu ayy, b22 ass, b33

Clock Cycle 13 asy, b10 a3o, bzx ass, b32 Qas0, b()3

Clock Cycle 14 | ax, by as, by ax, by a3y, b3

Clock Cycle 15 das, b30 aso, bm asy, b12 aiy, bj:;

Results c = axp*bootan*bio | 1 = an*bitas*hy | cn = an*bptainthby | cn = an*butan*bn
+a32*b20+a33*b39 +a33*b31+a3_0*bm Mm:llm‘i'ag]*bu +a31*b13+a32*b73

Table A2: Trident execution of a matrix product with the second matrix transposed

(C = AxB')

Input MACO MAC1 MAC2 MAC3

Clock Cycle 0 agg, bog ag, by ag, by . by

Clock Cycle 1 ago, bg gy, by ap, by any, boy

Clock Cycle 2 a0, bag agy, bay ag, by ag ba

Clock Cycle3 | ag, by ag, by ag, by agy, by

Results co = aw*butag*bo | co = au*butan*bn | co = ap*butap*bn | c = ap*butagn*by
+ag*bo+ag by +agy*biytaog*bio +ag*bagtao by g *byrap*hy |

Clock Cycle 4 a0, bo ay, by a1, by a1y, by

Clock Cycle 5 ajo, bm apy, b21 ajn, b32 a3, bm

Clock Cycle 6 ay, by ay;, by ap, by a3, by

Clock Cycle 7 a0, by a5, by ap, by a3, by

Results o = aw*botan*bo | cu = ap*byutap*b; | o = ap*buta*hy | oz = a*bitan*by
+a1,%bop+a,,*bes +ay3*bya+aip*bio +a10*bontay*by +01;*by1 +a1* by

Clock Cycle 8 ax. by ay, b)) ax, by a, by

Clock Cycle 9 ax, bl() ary, b21 a7, b32 ar3, bL

Clock Cycle 10 a0, by az, by az by a3, b3

Clock Cycle 11 dayg, by ay), by ay, by ay, by

Results o0 = ax*bootan*bo | cu = an*butan*b | cn = ap*butan*hy | ¢y = ax*bistaxn*by
Mn*bm*‘ﬂzﬂ*bﬂ: 'Hlu*b 1 3+ammn Mm_*_bzn"'az 1*byy +ay1*ba+ag*hy

Clock Cycle 12| a3g, by as, by ax, by as, by

Clock Cycle 13 a3, bm asy, 521 ayy, b32 a3, bL

Clock Cycle 14 llzﬂ, bZﬂ asy, 531 Ay, b()z a33, b13

Clock Cycle 15 dag, b3() asy, b()] a3, b12 das, b23

Results C = ap*bootan*bo | e = an*butantby | on = an*bptap*byn | 3 = an*bytay*by
+ayp*bp+as*by +33*b+ay*byg +as*bytaz by +a3*by +as*by
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(C=A'xB)
Input MACO MAC1 MAC2 MAC3
Clock Cycle 0 | ag, by dg), by g, b agy boy
Clock Cycle 1| ag;, byg A, by ag, by g0, boa
Clock Cycle 2 | ag, by agy, by ag, by, a9y, bos
Clock Cycle 3| ags, by agg, by ag;, by g, by
Results Coo = aoo*boo cn=an*bn cn=an*by €33=ap3*bps
€10= ao1*hoo C1 = ap*by 3= ags*bp Co3= Agy*Po3
Ca0= G *boo c31= apa*bo Coz = dgo*ben €13= ag1*bos
€30= agy*bey Co1 = dog*boy cp=ay*by C23= agy"by;
Clock Cycle 4 | ay, byo a1, by ayp by aps, bia
Clock Cycle 5| ay;, big apn, by aps, by a1, bi3
Clock Cycle 6 | ay, by ap by a0 byp ayy, by
Clock Cycle 7| aj3, byg ag by ayn, by @12, b13
Results Coo=a00*boo+ ai0*bio c11=ao1*boy + a1 *byy cn=ap*by + ap*by i = anp*byp +
C1o= o1 *boot an*byp C21= Aga*boy + a12*by; cp=ap*bn+ap*bn ay3*bia
0= ag*boo+ a12*b1o c31= ag*bp + a3*by co2 = ag*be + ar*biz co3 = ap*bp +
C30= au3*boot+ an*byp Co1= Ago™bor + a10*bn c12=an*be + an*by; a*bia
cn = ap*hp +
an*bys
= ap*bp +
ap*bs
Clock Cycle 8 dag, bﬁL az1, b21 ay, bzz a3, b23
Clock Cycle 9 ayy, bag ay, by, ar, by ay, bpy
Clock Cycle 10 | ag, by ay3, by ayg, by a1, by
Clock Cycle 11 | a3, by ax, by ay, by ax. by
Results Coo = Ao*boot @10*bio + | €11 = ag*boy + an*by + | cp = an*bn + ap*bp+ | 0 = ap*by +
ax*by an*by an*bn ap*bys +
c1o = aor*boo+ an*bio + | €21 = an*boy + ap*bi + | c32= ap3*ber + a13*bia + ay3*br
an*by axn*by a23%bx cos = aw*bpz +
C0 = ap*bot ap*hio + | 031 = ap*bo + ap*bi + | co = ap*be + a10*biy + ap*bis +
an*by az*by ay*by ax*by
C30 = ap*boo+ ap*byg + | o1 = aw*bor + aw*bn + | co= ap*bp + an*biz+ | ci3 = ag*bes +
ay3*by a0*by ay1*by a*bis +
a5 *by
3 = ap*by +
ap*bys +
axp*bn
Clock Cycle 12 | as, byg asy, by a3, by a3, bas
Clock Cycle 13 asy, bQ_Q ayy, b31 aa3, b32 A, b33
Clock Cycle 14 asy, bgo a33, b31 Q3, b32 238 b33
Clock Cycle 15 | asa, bag Qsg, by sy, bay a3, bas
Results Coo = aoo*boot ar0*bio + | 11 = am*bor + an*bn + | €2 = ap*by + ap*bin+ | ¢ = ap*bp +
A20*byo + azp*bao an*byy + an*by a37*by + as*by ap*bys +
¢10 = an*boot an*bro + | 21 = aw*bor + an*by + | cx = aps*boy + a13*byy + ay*by +
an*by+ asn*by an*hy + an*by, ax3*by + ax*by, ax*by
€20 = agz*boot @*bio + | 1= ap*byy + ap*hy + | co = A*be + a*b+ | 3 = ag*bps +
ay*by+ an*by a*by1 + ax*hy az*bp + az*byy a10*by3 +
€30 = ag3*boot aa*bro + | cor = ag*bo1 + ax*b1 + | c12 = Gor*boz + ay1*biy + a*bx +
a23*by + ass*b3 ay*by) + azx*by, 831*by + a3 *byy a3*ba3
c3 = an*bp +
ayn*byy +
ax*by +
a3 *by
cn = ap*bp +
ap*bia +
azz*bzg +
ap*by
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TableAd: Trident execution of a matrix addition (C = A+B)

Input Addo Addl Add2 Add3
Clock Cycle 0 | cogo=aqp, bgo Co1 =gy, by Cop = A, by Cg3 = aga, by
Clock Cycle 1 CuF“Mm cu=an.by cp=ap, by ci3=ap, bpy
Clock Cycle 2 | cpo=az, by C1=0a31, by Cpp =052, byy Cp3=ap, by
Clock Cycle 3 Cap=ax, by C31=0a3), b3y C3 = a3, b3y C33 =033, b3y




